Evidence on the contribution of risk factors to health inequality is scarce. We quantify the impact of modifying risk factor distributions on educational mortality differences using the Population Attributable Fraction. This is done for scenarios in which the social distribution of risk factors changes in 20 European populations. We also estimate the effect of a change in the educational distribution on the overall level of mortality. We use national data on risk factor prevalence and mortality, and rate ratios from epidemiologic reviews on the impact of risk factors on mortality. The scenarios where the whole population has the same prevalence of physical activity, smoking and BMI as the high educated show that excess mortality of low educated persons would drop by 2 to 49 percent. A redistribution of income results in smaller reductions of inequalities. We present a promising tool for quantifying the effect of policy interventions on health inequality.
Introduction
Inequalities in health between socioeconomic groups are increasingly recognized as one of the main challenges for health policy (see discussion in Marmot, 2005) . Studies from Europe have shown that health inequalities are substantial, but that there are important variations between countries in the magnitude of health inequalities (Mackenbach et al. 2008; Hoffmann 2011a) , suggesting great scope for reducing health inequalities. In 2005, the WHO established the Commission on Social Determinants of Health (CSDH) to provide advice on how to reduce socioeconomic inequalities in health. However, it is currently unknown to what extent they are actually modifiable, which is a serious barrier for effective policy-making, because it hinders both priority setting and the formulation of realistic quantitative targets for reducing health inequalities. Moreover, until recently, existing methods have not been applied to quantify the impact on health inequalities of modifying the distribution of specific risk factors. We use a methodology applied within the Global Burden of Disease (GBD) study, which links risk factors to health outcomes through the Population Attributable Fraction (PAF), and adapt it to the study of social inequalities in mortality. The PAF estimates the proportion of a population health outcome that is attributable to a particular exposure, or in other words, the proportion by which a health outcome would be reduced if exposure to a particular risk factor was changed. We apply the PAF methodology to the problem of socioeconomic inequalities in mortality on the basis of several types of counterfactual scenarios using data from 20 European populations. These populations have different welfare arrangements , and also differ by educational structure, by the prevalence of risk factors, and by the magnitude of health inequalities. Among the scenarios are, first, educational scenarios in which the educational distribution changes: a) everyone has high education (theoretical maximum), b) the country with the best educational distribution is chosen as a model for best practice. Second, we calculate risk factor scenarios in which the distribution of proximate risk factors change: the risk factor prevalence in the whole population will be as it is in the highest educational group. We analyze all scenarios in terms of their impact on the level of total mortality and in addition we analyzes the risk factor scenarios in terms of their impact on educational differences in mortality, for each risk factor separately and combined.
Data
This study covers 20 populations from 17 different European countries. We aimed at using national data but for Spain we had to study three cities/regions (Barcelona, Madrid, Basque country), for Belgium we only study Brussels and for Italy we analyze Turin and the Tuscany region. We use data on the prevalences of the proximate risk factors low physical activity, smoking, high BMI and low income stratified by educational level. This data comes from national health interview surveys (NHS) around the year 2000, except for income data for Finland, France, Netherlands, Poland, Sweden and Switzerland that comes from the European Social Survey (ESS) and smoking prevalences for Austria that is from the European Community Household Panel (ECHP). The large amount of prevalence data by risk factor, gender, age, education and country are not included in this paper due to space limitations, but are available upon request. Secondly, we use information on mortality rate ratios for the impact of the risk factors on mortality from several published studies and literature reviews (see Table 1 ). Thirdly, we use mortality data from national statistical offices which contains information on gender, age and educational attainment (see Table 2 ). This data source also provided us with the prevalence of low education (the educational distribution of a population) and the relative risk of mortality between educational groups. We stratify our analysis by gender, four age groups (30-44, 45-59, 60-69, 70-79) and three educational levels: (1) primary and lower secondary education (ISCED-levels 0-2), (2) higher secondary education (ISCED 3), and (3) post secondary and tertiary education (ISCED 4-6).
Methods
To address the types of scenarios presented above, we use the Population Attributable Fraction to assess the expected changes in mortality that would result from modifying the population distribution of exposure to a risk factor. This method from the field of Comparative Risk Assessment methods (Formula 1) is adapted to estimate the impact of counterfactual distributions of specific risk factors on the overall level of mortality and on educational differences in mortality. The latter is achieved by stratifying the PAF calculation by educational group. Many diseases are caused by multiple risk factors. In order to estimate this multicausal impact, Formula 2 is used that assumes that the risk factors are not correlated and that there is no mediation of one risk factor by another risk factor (Gakidou et al. 2007) . n = number of exposure categories P i = proportion of population currently in the ith exposure category P′ i = proportion of population in the ith exposure category in the counterfactual (alternative) scenario RR i = relative mortality risk for the ith exposure category PAF i = the proportion of the disease preventable by reducing exposure to the ith risk factor. The product of all (1-PAF i )'s represents the fraction of disease not preventable through interventions on any of the n risk factors.
There are substantial differences between men and women in how educational status relates to health (Hoffmann 2008) and in the determinants of educational inequalities in health (Schrijvers et al. 1999) . Also, the impact of risk factors on mortality is different in different stages of the life course (Danaei et al. 2009; Hoffmann 2011b) . Thus, in order to obtain accurate estimates the analyses were stratified by gender and age by using gender and age specific prevalences and mortality rates. If available from the literature reviews we also used
Formula 2:
gender and age specific rate ratios for the impact of risk factors on mortality (see Table 1 ). We present only the results for all ages that are based on the age-specific calculations by summing up the saved deaths across age categories and then calculating a new PAF for all ages together. In rare cases where the scenario of applying the risk factor prevalence of the high educated to the population as a whole would lead to a mortality increase in lower educated groups (because of an inverse social gradient of risk factor prevalence) we decided to ignore this deterioration because it is implausible that a policy intervention would make health behaviour worse.
Results
We show, first, results for risk factor scenarios in which we assume that the risk factor prevalence for the whole population would be as among the highly educated. We show this scenario for physical activity, BMI, smoking (separately and combined) and for income in order to compare the effect of changes in behaviour to the effect of a change in the income distribution. The risk factor scenarios can be analyzed both in terms of their impact on the overall level of mortality and in terms of their impact on health inequality. Second, we show two educational scenarios: a) everyone has high education and b) the educational distribution is as in the best-practice country (Norway). The educational scenarios can only be analysed in terms of their impact on the overall level of mortality (because we do not assume any change in mortality differentials between educational groups. To address the potential reduction of overall mortality in all scenarios, Table 3 presents the Population Attributable Fraction in percent for each scenario by gender and country. For understanding the meaning of the different PAF values it is noteworthy that their size depends on two factors: first, the degree of social inequality in risk factor prevalence (how much change does the scenario imply), second, the impact of the risk factor on mortality (rate ratio).
In the scenario where the prevalence of physical activity would be as among the highly educated we see a total reduction of mortality between 0.1 percent (Finish women) and 4.7 percent (women in Brussels). The analogous smoking scenario would lead to a maximum mortality reduction of 8.1 percent (men in England & Wales) and the BMI scenario has a maximum mortality reduction of 3.7 percent (women in Tuscany). If we look at the combined effect of our three behavioral risk factors the maximum mortality reduction is found among men in England & Wales (9.2 percent), although in this case the effect of physical activity could not be included because of missing prevalence data. The analogous effect of a redistribution of income is a mortality reduction between 2 percent (Swedish women) and 8.5 percent (men in Hungary). The educational scenario S2 in which the "best-practice" educational distribution of Norway is assumed, we see mortality reductions between 0.4 percent (women in Lithuania) and 18.5 percent (men in Hungary). For men in Switzerland we see a negative mortality reduction which means that their educational distribution would deteriorate if changed to the Norwegian educational distribution. The highest mortality reduction occurs in the maximum potential scenario S3 in which every person has high education. Under this extreme and theoretical assumption we would see mortality reductions between 9.6 percent (women in Turin) and 54.1 percent (men in Hungary and Poland). The risk factor scenarios on physical activity, smoking, BMI and income can also be analysed in terms of a potential reduction of social inequality in mortality. In the first two columns of Table 4 , we present the current mortality rate ratios for low and mid educated persons compared to high educated persons. In the following columns we look at the reduction of mortality inequality in scenarios where we remove social difference in risk factor prevalence (for each risk factor separately and for our three behavioral risk factors factors combined). For example, if physical activity, smoking and BMI were as prevalent as among the high educated, we would see a decline of the mortality rate ratio of low compared to high educated persons from 1.71 to 1.48 among Danish men which is a decline of 33 percent. The effect of the income scenario on health inequality is slightly more modest in most countries: Looking again at Danish men, leveling the income distribution across educational groups would decrease health inequality by 19 percent. Figure 1 provides a graphical presentation of the impact of the combined behavioral scenario (physical activity, smoking BMI) and the income scenario on health inequality, compared to the current mortality rate ratios between low and high educated. We see, first, that Eastern European countries have higher health inequality, southern countries have lowest inequality and Nordic and Western countries take an intermediate position. Second, the combined behavioral scenario can reduce health inequality substantially in most countries, only for women in Austria and France this scenario does not change health inequality. Third, comparing the impact of the behavioral scenario to the income scenario, we see an inconsistent pattern: among men the impact is very similar between these two scenarios in about one third of the countries. In another third the income scenario reduces health inequality more and in one third the behavioral scenario reduces health inequality more. Among women, most countries show a higher impact of the behavioral scenario.
Discussion
We have shown how the PAF approach can be used to calculate the impact of changes in the social distribution of proximate risk factors, first on mortality, and second on the magnitude of socioeconomic inequalities in mortality in different countries. The fraction of all-cause mortality preventable by a redistribution of physical activity, smoking and BMI to the level observed among the higher education is typically between 5 and 10 percent for men, and somewhat lower for women. There are large variations between countries, gender and contributions of separate risk factors. In the same scenario inequalities in mortality can potentially be reduced for both men and women, but not sufficiently to eliminate them. On average, the inequality-reducing impact of the income scenario stays below the impact of the behavioral scenario. This surprisingly small impact of the income scenario is due to our choice of rate ratios for the impact of low income on mortality. Other studies have reported a much higher impact of income on mortality even if controlled for a number of confounders (Hoffmann 2011a) . However, the problem of causality and confounding while measuring the impact of income on mortality is not definitely solved yet. Thus we consider the results for the income scenario to be preliminary.
Although not exactly comparable, other studies show results of a similar order of magnitude: leveling both smoking behavior and physical activity could reduce inequality in mortality by 25 percent for men and women combined in the Netherlands (van Oort et al. 2005 ) and smoking behaviour alone reduces inequality by 32 percent in England (Stringhini et al. 2010) . Laaksonen et al. (2008) show that levelling physical activity could reduce inequality for both lowest and middle educated by 14 and 9 percent, men and women respectively, and levelling smoking behaviour reduces inequality for the lowest educated by 28 percent among men and 22 percent among women. The main advantage of the PAF approach is that it can combine data from different sources, while a regression necessarily measures the risk exposure and the outcome in the same sample. This is not an advantage as such, but in many situations country specific data on both exposure and impact is not available. Moreover rate ratios from large literature reviews (as used in our study) might be more accurate than small national surveys.
In the following we discuss specific limitations of our study and assumptions inherent to the PAF methodology. First, the categories used in the prevalence data and the categories for which the RRs are found in the literature sometimes differed between countries and had to be harmonized. Second, the relative risks for the proximate risk factors are assumed to be the same for all three countries (Walter 1976 ). This assumption is necessary for practical reasons, simply because there are no high quality literature reviews on the impact of risk factors for each country. Here again, we rely on the Global Burden of Disease project. There is an increasing body of evidence stating that, when the metric of exposure is comparable, the RRs are similar across populations in different world regions (GBD Study Operations Manual 2009). Third, the relative risks of the proximate risk factors are assumed to be the same for all educational groups. Whether a rate ratio for e.g. smoking can be regarded as a biological constant or whether the impact of smoking differs between socioeconomic groups is still an open question (Gunning-Schepers 1998). Evidence from the Whitehall II study suggests, that smoking is more harmful for those placed lower in the social hierarchy (Marmot & McDowall 1986) and evidence from New Zealand shows that the impact of smoking on mortality varies over time and by ethnicity (Hunt et al. 2005 ) but again there is no systematic evidence on how the impact of proximate risk factors would differ by socioeconomic group. Fourth, we did not calculate confidence intervals for the results. This would be possible by calculating standard errors for the normal distributions of log-rate-ratios and for the binomial distributions of prevalences, using number of deaths and sample sized respectively. With bootstrapping one could obtain the standard error and confidence intervals of the resulting PAF distribution. However, besides a relatively large amount of computational work the possibility to calculate confidence intervals depend on the availability of the background information mentioned above, which, unfortunately, is almost never reported in published articles. To search for this underlying data from the studies that published the mortality rate ratios is beyond the scope of this article. While the PAF involves a relatively simple calculation and methodology, it is based on a number of assumptions. The first fundamental assumption of the PAF approach is that the relative risks used in the PAF calculation accurately reflect the causal effects of the risk factors on mortality (Walter 1976; Northridge 1995; Levine 2007) . We consider the assumption of causality from the proximate risk factor to mortality to be unproblematic because we relied on systematic reviews that have tried to filter out the causal relationship between risk factors and mortality. The more uncertain causality from education to risk factors does not have to be assumed here because we simply show the effect of redistributing risk factors but we do not interpret our results as an explanation of health inequalities. Secondly, the multicausal relationship in Equation 2 is based on the assumption that exposures to risks are uncorrelated. In the present paper we can only account for the correlation with education by stratifying the analysis by educational group. Equation 2 also assumes that the effect of one risk factor is not mediated through another risk factor (Walter 1983) . In reality it is likely that changing the distribution of one risk factor will also affect the distribution of other risk factors. As noted above, this potential bias has been partly corrected by adjusted RRs provided by other projects. For the close relation between physical activity and BMI there remains uncertainty whether all bias has been removed because we had to use rate ratios from several studies using different correction methods.
To conclude, our analysis of proximate risk factors shows the extent to which health inequalities can realistically be reduced by interventions on proximate risk factors. Such interventions may have targets that are more or less ambitious than the ones we have assumed here (health behaviour as in the highest educational group). But for policy setting it is crucial to know the gender and country specific effects of an intervention on health inequality, a flexibility which is offered using the PAF approach. Legend: RR = original rate ratio of mortality according to educational attainment; low = primary and lower secondary education compared to post secondary and tertiary education; mid = higher secondary education compared to post secondary and tertiary education; RRrisk factor = new rate ratio after scenario has been applied to the risk factor in question. Blanks are missings due to missing prevalence data. women: real women: behavioral scenario: health behavior as among highly educated women: income scenario: income distributed as among highly educated
